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Organiza.on	
  of	
  this	
  talk.	
  

•  Part	
  1:	
  Ensemble	
  theory	
  and	
  nuts	
  and	
  bolts.	
  
– Mo.va.on	
  for	
  ensembles	
  
– How	
  we	
  construct	
  them.	
  
– Advantages/disadvantages	
  of	
  some	
  various	
  
ensemble	
  approaches.	
  

•  Part	
  2:	
  Using	
  ensembles	
  for	
  winter	
  weather.	
  



The	
  Lorenz	
  (1963)	
  
dynamical	
  system	
  

A	
  3-­‐dimensional	
  dynamical	
  system	
  that	
  	
  
illustrates	
  the	
  property	
  of	
  “chaos.”	
  	
  Here	
  is	
  a	
  	
  
picture	
  of	
  the	
  Lorenz	
  aWractor.	
  	
  Start	
  off	
  with	
  any	
  
(x,y,z)	
  value,	
  and	
  very	
  quickly	
  the	
  state	
  will	
  
begin	
  spiraling	
  around	
  in	
  this	
  reduced	
  set	
  
of	
  points.	
  
	
  
The	
  atmosphere	
  has	
  an	
  aWractor.	
  	
  Were	
  you	
  foolish	
  
enough	
  to	
  ini.alize	
  a	
  weather	
  forecast	
  model	
  with	
  an	
  
80F	
  temperature	
  at	
  the	
  north	
  pole,	
  the	
  forecast	
  state	
  would	
  quickly	
  cool.	
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Yellow	
  dots	
  are	
  points	
  on	
  the	
  
Lorenz	
  aWractor.	
  Follow	
  a	
  
set	
  of	
  ini.al	
  condi.ons	
  
within	
  the	
  ball.	
  Here,	
  a	
  	
  
rela.vely	
  determinis.c	
  
forecast	
  is	
  possible.	
  	
  	
  

c/o	
  Tim	
  Palmer,	
  Oxford	
  U.	
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Follow	
  another	
  close-­‐by	
  
set	
  of	
  ini.al	
  condi.ons	
  
within	
  the	
  ball.	
  	
  Now	
  we	
  
see	
  more	
  rapid	
  growth	
  	
  
of	
  errors.	
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Follow	
  this	
  set	
  of	
  
ini.al	
  condi.ons	
  
within	
  the	
  ball.	
  
Here,	
  an	
  
extremely	
  rapid	
  
growth	
  of	
  errors.	
  



Weather	
  forecasts	
  can	
  exhibit	
  this	
  extreme	
  error	
  growth,	
  too.	
  

c/
o	
  
Ti
m
	
  P
al
m
er
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Lessons:	
  	
  
	
  
Trying	
  to	
  determine	
  	
  
which	
  ensemble	
  solu.on	
  
is	
  most	
  likely	
  isn’t	
  a	
  good	
  
use	
  of	
  your	
  .me.	
  
	
  
Prepare	
  your	
  users	
  for	
  	
  
(at	
  least)	
  the	
  variety	
  of	
  	
  
weather	
  that	
  the	
  ensemble	
  
tells	
  you.	
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A	
  good	
  thing	
  to	
  ask,	
  though,	
  is:	
  
Is	
  my	
  ensemble	
  providing	
  me	
  with	
  a	
  
realis5c	
  range	
  of	
  possible	
  future	
  

weather	
  scenarios?	
  

Suppose	
  the	
  observed	
  was	
  
at	
  the	
  red	
  dot	
  in	
  each	
  case.	
  



Most	
  of	
  our	
  current	
  ensemble	
  systems	
  
have	
  this	
  problem,	
  to	
  varying	
  degrees.	
  

Here	
  are	
  precipita.on	
  forecasts	
  
from	
  four	
  different	
  global	
  
ensemble	
  predic.on	
  systems.	
  
Some	
  are	
  more	
  “reliable”	
  than	
  
others.	
  	
  Some	
  are	
  more	
  “sharp”	
  
than	
  others	
  (they	
  issue	
  more	
  
low	
  and	
  high	
  probabili.es).	
  
	
  
All	
  are	
  overconfident	
  to	
  some	
  
degree	
  –	
  you	
  say	
  100%	
  	
  
probability,	
  but	
  it	
  only	
  happens	
  	
  
80%	
  of	
  the	
  .me.	
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Here’s	
  the	
  sort	
  of	
  high-­‐impact	
  event	
  it	
  would	
  be	
  extremely	
  useful	
  to	
  	
  
be	
  able	
  to	
  have	
  advanced	
  warning	
  of	
  at	
  the	
  weather-­‐climate	
  5mescales.	
  

The	
  difference	
  between	
  a	
  lower-­‐	
  and	
  a	
  	
  
higher-­‐quality	
  ensemble	
  predic.on	
  can	
  maWer.	
  



Hovmöller	
  	
  
of	
  250	
  hPa	
  	
  
meridional	
  
wind	
  analyses	
  
	
  	
  
	
  
	
  
In	
  3.5	
  days,	
  the	
  wave	
  train	
  
has	
  covered	
  a	
  third	
  of	
  the	
  
globe.	
  
	
  
Use	
  of	
  a	
  global	
  forecast	
  
model	
  is	
  clearly	
  necessary,	
  	
  
if	
  not	
  sufficient.	
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the	
  southerly	
  surge	
  
of	
  momentum	
  (and	
  
moisture)	
  into	
  the	
  
Colorado	
  Front	
  Range	
  

ridge-­‐building	
  
caused	
  by	
  	
  
hea.ng	
  	
  
associated	
  	
  
with	
  recurving	
  
Typhoon	
  Lupit	
  



Massive	
  bust	
  of	
  day	
  +5	
  NCEP	
  global	
  determinis.c;	
  
totally	
  misses	
  jet	
  stream	
  paWern	
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c/o	
  Heather	
  Archambault,	
  SUNY/Albany	
  and	
  NRL/Monterey	
  

Perhaps	
  small	
  ini.al	
  condi.on	
  errors	
  led	
  to	
  the	
  bust?	
  	
  	
  
What	
  about	
  ensemble	
  systems?	
  



“Spaghek	
  plots”,	
  NCEP	
  ensemble	
  
(546	
  dam	
  contour,	
  +	
  5	
  day	
  forecast)	
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__	
  day	
  +0	
  	
  	
  	
  __day	
  +1	
  	
  	
  	
  __day	
  +3	
  	
  	
  	
  __	
  day	
  +5	
  

NCEP	
  ensemble	
  has	
  only	
  a	
  hint	
  in	
  a	
  few	
  members	
  	
  
of	
  a	
  major	
  system	
  affec.ng	
  the	
  southwest	
  US.	
  	
  	
  



“Spaghek	
  plots”,	
  ECMWF	
  ensemble	
  
(546	
  dam	
  contour	
  +	
  5	
  day	
  forecast)	
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__	
  day	
  +0	
  	
  	
  	
  __day	
  +1	
  	
  	
  	
  __day	
  +3	
  	
  	
  	
  __	
  day	
  +5	
  

ECMWF	
  system	
  much	
  beWer	
  at	
  predic.ng	
  event	
  in	
  central	
  Rockies.	
  	
  Lessons:	
  
(1)	
  	
  	
  Probabilis.c,	
  not	
  determinis.c	
  forecasts,	
  are	
  definitely	
  needed.	
  
(2)	
  	
  	
  A	
  high-­‐quality	
  ensemble	
  predic.on	
  system	
  is	
  a	
  necessity	
  for	
  weather-­‐climate	
  predic.on.	
  



“Spaghek	
  plots”,	
  ECMWF	
  ensemble	
  
(546	
  dam	
  contour	
  +	
  5	
  day	
  forecast)	
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__	
  day	
  +0	
  	
  	
  	
  __day	
  +1	
  	
  	
  	
  __day	
  +3	
  	
  	
  	
  __	
  day	
  +5	
  

ECMWF	
  system	
  much	
  beWer	
  at	
  predic.ng	
  event	
  in	
  central	
  Rockies.	
  	
  So:	
  
(1)	
  	
  	
  Probabilis.c,	
  not	
  determinis.c	
  forecasts,	
  are	
  definitely	
  needed.	
  
(2)	
  	
  	
  A	
  high-­‐quality	
  ensemble	
  predic.on	
  system	
  is	
  a	
  necessity	
  for	
  weather-­‐climate	
  predic.on.	
  

Lessons	
  for	
  winter	
  weather	
  course:	
  
(1) 	
  The	
  ensemble	
  tells	
  you	
  a	
  lower	
  bound	
  

on	
  the	
  range	
  of	
  possible	
  future	
  states.	
  	
  
Actual	
  uncertainty	
  is	
  likely	
  a	
  bit	
  larger	
  

than	
  that	
  es.mated	
  by	
  current-­‐	
  
genera.on	
  ensemble	
  systems.	
  

(2) 	
  If	
  you	
  have	
  the	
  data	
  and	
  you	
  have	
  the	
  
.me,	
  consider	
  guidance	
  from	
  other	
  

ensemble	
  systems.	
  



Ways	
  to	
  create	
  ensembles	
  
(not	
  mutually	
  exclusive)	
  

•  Mul.ple	
  determinis.c	
  forecasts:	
  “poor-­‐man’s	
  ensemble”	
  
•  Vary	
  the	
  ini.al	
  condi.ons	
  (“EnKF,”	
  “ETR,”	
  “Singular	
  vector,”	
  “bred	
  

modes,”	
  “mul.-­‐analysis”	
  –	
  we’ll	
  discuss	
  principles	
  in	
  a	
  moment)	
  and	
  
generate	
  an	
  ensemble	
  with	
  your	
  forecast	
  model.	
  

•  Mul.ple	
  models.	
  
•  Mul.ple	
  physical	
  parameteriza.ons	
  within	
  a	
  model.	
  
•  Stochas.c	
  physics	
  –	
  build	
  random	
  processes	
  right	
  into	
  the	
  physical	
  

equa.ons	
  of	
  the	
  forecast	
  model.	
  
•  With	
  a	
  global	
  model,	
  or	
  with	
  a	
  regional	
  model.	
  

	
   What	
  are	
  the	
  guiding	
  principles?	
  
To	
  use	
  them	
  wisely,	
  it	
  helps	
  to	
  understand	
  right	
  
(and	
  some.mes	
  wrong)	
  ways	
  they	
  are	
  generated.	
  



Scien.fically,	
  what	
  must	
  be	
  done	
  to	
  
produce	
  high-­‐quality	
  ensembles?	
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t=0	
  

t=t+Δt	
  ensemble	
  
members’	
  
trajectories	
  

reality	
  

If	
  this	
  situa.on	
  happens	
  more	
  than	
  infrequently,	
  
we	
  need	
  to	
  improve	
  our	
  ensemble	
  predic.on	
  system	
  
(that’s	
  my	
  job)	
  



Scien.fically,	
  what	
  must	
  be	
  done	
  to	
  
produce	
  high-­‐quality	
  ensembles?	
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t=0	
  

t=t+Δt	
  ensemble	
  
members’	
  
trajectories	
  

reality	
  

Theory	
  tells	
  us	
  we	
  want	
  to	
  	
  
sample	
  the	
  ensemble	
  from	
  
the	
  distribu.on	
  of	
  plausible	
  
analysis	
  states.	
  	
  How	
  do	
  we	
  
do	
  that?	
  	
  How	
  big	
  should	
  
the	
  differences	
  be.	
  	
  What	
  
structure	
  should	
  they	
  have?	
  

Problem	
  1:	
  Specifying	
  	
  
the	
  iniEal	
  condiEons	
  



Are	
  analyses	
  uncertain?	
  
A	
  .me	
  series	
  of	
  analyses	
  in	
  the	
  	
  central	
  US 	
  	
  

Looking	
  at	
  this	
  plot,	
  the	
  various	
  
line	
  colors	
  overlap	
  quite	
  a	
  bit,	
  
sugges.ng	
  that	
  the	
  differences	
  
have	
  a	
  substan.al	
  random	
  
component.	
  	
  However,	
  looking	
  
at	
  the	
  yearly	
  averaged	
  temperature	
  
(listed	
  in	
  the	
  box	
  in	
  the	
  upper	
  leq),	
  
no.ce	
  for	
  example	
  that	
  NCEP’s	
  
analysis	
  is	
  >	
  2	
  K	
  colder	
  than	
  CMA’s,	
  
on	
  average.	
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Time	
  series	
  of	
  analyses,	
  	
  	
  
central	
  US	
  (smoothed) 	
  	
  

Here	
  smoothed	
  using	
  	
  
average	
  of	
  +/-­‐	
  15	
  days.	
  
	
  
Warmer	
  CMA	
  analyses	
  
in	
  last	
  4	
  months	
  stands	
  out.	
  
	
  
Even	
  in	
  a	
  rela5vely	
  data-­‐rich	
  
region,	
  there	
  are	
  apparent	
  
biases	
  in	
  analyses	
  –	
  there	
  isn’t	
  
agreement	
  on	
  what	
  even	
  the	
  
average	
  analyzed	
  temperature	
  
should	
  be	
  over	
  the	
  data-­‐rich	
  
central	
  US.	
  
	
  
Perturbing	
  ini.al	
  condi.ons	
  
of	
  surface	
  temperature	
  by	
  
a	
  degree	
  or	
  two	
  seems	
  warranted.	
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Power	
  spectra	
  from	
  analysis	
  data	
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U	
  @	
  250	
  hPa	
  T	
  @	
  500	
  hPa	
  

(1)  Larger	
  analysis	
  “errors”	
  (i.e.,	
  differences)	
  at	
  larger	
  scales	
  than	
  at	
  smaller	
  scales,	
  but	
  …	
  	
  
(2)  Large	
  signal-­‐to-­‐noise	
  ra.o	
  (S/N)	
  at	
  large	
  scales,	
  small	
  S/N	
  at	
  smaller	
  scales.	
  
(3)  Are	
  analysis	
  errors	
  really	
  that	
  large	
  at	
  the	
  largest	
  scales?	
  	
  Probably	
  yes	
  for	
  some	
  models	
  

with	
  larger	
  biases,	
  no	
  for	
  others	
  with	
  smaller	
  biases	
  (e.g.,	
  ECMWF).	
  
(4)  Analysis	
  errors	
  will	
  have	
  some	
  large-­‐scale	
  correla.on	
  structure	
  to	
  them.	
  	
  Not	
  random	
  at	
  

every	
  grid	
  point.	
  

meridional	
  wave	
  2	
  dominates	
  	
  
(cold	
  pole,	
  warm	
  equator)	
  

winter/	
  
summer	
  
hemisphere	
  
temp	
  difference	
  

ECMWF	
  used	
  for	
  base	
  state;	
  ECMWF	
  -­‐	
  NCEP	
  used	
  for	
  differences,	
  a	
  surrogate	
  	
  
for	
  analysis	
  errors.	
  	
  Spectra	
  computed	
  daily,	
  then	
  averaged	
  over	
  the	
  full	
  year.	
  

wave#	
  4	
  dominant	
  



Power	
  spectra	
  of	
  ensemble	
  
perturba.ons,	
  NCEP	
  ensemble	
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(1)  Suggests	
  this	
  ETR	
  perturba.on	
  method	
  used	
  at	
  NCEP	
  may	
  have	
  insufficient	
  power	
  at	
  	
  
planetary	
  scales.	
  This	
  is	
  consistent	
  with	
  the	
  assump.on	
  made	
  in	
  the	
  ETR	
  that	
  the	
  analysis	
  
is	
  unbiased	
  while	
  analyses	
  between	
  different	
  centers	
  suggest	
  there	
  is	
  bias.	
  
(2)	
  ETR’s	
  underes.mate	
  of	
  ini.al	
  amplitude	
  is	
  the	
  least	
  for	
  the	
  small	
  baroclinic	
  scales.	
  	
  	
  
This	
  may	
  be	
  because	
  the	
  breeding	
  method	
  inside	
  the	
  ETR	
  generates	
  perturba.ons	
  	
  
that	
  project	
  onto	
  the	
  (finite	
  amplitude)	
  Lyapunov	
  vectors,	
  dominated	
  by	
  baroclinic	
  scales.	
  



Power	
  spectra	
  of	
  ensemble	
  
perturba.ons,	
  CMC	
  ensemble	
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Reasonably	
  well	
  calibrated	
  overall	
  for	
  T500;	
  a	
  bit	
  of	
  an	
  overes.mate	
  of	
  variance	
  for	
  U250.	
  



So,	
  we	
  want	
  to	
  generate	
  	
  
a	
  range	
  of	
  plausible	
  analyses	
  	
  
to	
  ini.alize	
  the	
  ensemble.	
  
What	
  are	
  the	
  principles?	
  

•  Ini.alize	
  from	
  mul.-­‐analyses?	
  
– only	
  a	
  handful	
  of	
  analyses	
  available.	
  	
  What	
  if	
  we	
  
want	
  to	
  generate	
  20	
  or	
  50	
  ensemble	
  forecasts?	
  

– also:	
  data	
  sharing	
  might	
  be	
  problema.c.	
  



Data	
  assimila.on:	
  
producing	
  mul.ple	
  possible	
  analyses	
  for	
  ini.alizing	
  an	
  ensemble	
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forecast	
  for	
  
.me	
  t	
  

state	
  es.mate	
  
for	
  .me	
  t	
  

observa.ons	
  
for	
  .me	
  t	
  

data	
  
assimila.on	
  

weather	
  
forecast	
  
model	
  

forecast	
  for	
  
.me	
  t+Δt	
  

+	
  forecast-­‐error	
  	
  
staEsEcs	
  

+	
  observa.on-­‐error	
  	
  
sta.s.cs	
  

To	
  get	
  a	
  reasonable	
  es.mate	
  of	
  the	
  state	
  and	
  its	
  uncertainty,	
  
we	
  need	
  observa.ons,	
  forecast(s)	
  and	
  we	
  need	
  to	
  simulate	
  the	
  
effects	
  of	
  observa.on-­‐error	
  sta.s.cs	
  and	
  forecast-­‐error	
  staEsEcs.	
  

+	
  analysis-­‐error	
  	
  
staEsEcs	
  



The	
  ensemble	
  Kalman	
  filter:	
  a	
  schema.c	
  
(a	
  way	
  to	
  simulate	
  sources	
  of	
  uncertainty	
  in	
  analyses)	
  

(This	
  schema.c	
  
is	
  a	
  bit	
  of	
  an	
  
inappropriate	
  
simplifica.on,	
  	
  
for	
  EnKF	
  uses	
  
every	
  member	
  
to	
  es.mate	
  
background-­‐	
  
error	
  covariances)	
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The	
  ensemble	
  Kalman	
  filter	
  (EnKF)	
  :	
  a	
  schema.c	
  

(This	
  schema.c	
  
is	
  a	
  bit	
  of	
  an	
  
inappropriate	
  
simplifica.on,	
  	
  
for	
  EnKF	
  uses	
  
every	
  member	
  
to	
  es.mate	
  
background-­‐	
  
error	
  covariances)	
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uncertainty	
  in	
  the	
  observa.ons	
  
is	
  simulated	
  by	
  adding	
  noise	
  
to	
  the	
  control	
  observa.ons	
  	
  
(consistent	
  with	
  error	
  sta.s.cs)	
  
to	
  create	
  dis.nct	
  sets	
  of	
  	
  
“perturbed	
  observa.ons”	
  



The	
  ensemble	
  Kalman	
  filter	
  (EnKF)	
  :	
  a	
  schema.c	
  

(This	
  schema.c	
  
is	
  a	
  bit	
  of	
  an	
  
inappropriate	
  
simplifica.on,	
  	
  
for	
  EnKF	
  uses	
  
every	
  member	
  
to	
  es.mate	
  
background-­‐	
  
error	
  covariances)	
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uncertainty	
  in	
  the	
  forecasts	
  
is	
  simulated	
  by	
  conduc.ng	
  
parallel	
  forecasts	
  with	
  
presumably	
  slightly	
  different	
  
prior	
  forecasts	
  



The	
  ensemble	
  Kalman	
  filter	
  (EnKF)	
  :	
  a	
  schema.c	
  

(This	
  schema.c	
  
is	
  a	
  bit	
  of	
  an	
  
inappropriate	
  
simplifica.on,	
  	
  
for	
  EnKF	
  uses	
  
every	
  member	
  
to	
  es.mate	
  
background-­‐	
  
error	
  covariances)	
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In	
  this	
  schema.c,	
  the	
  same	
  forecast	
  
model	
  is	
  used	
  in	
  all	
  simula.ons.	
  
Hence	
  we	
  may	
  be	
  missing	
  something,	
  
a	
  missing	
  simula.on	
  of	
  another	
  source	
  
of	
  uncertainty	
  due	
  to	
  forecast	
  
systema.c	
  errors.	
  



The	
  ensemble	
  Kalman	
  filter	
  (EnKF)	
  :	
  a	
  schema.c	
  

(This	
  schema.c	
  
is	
  a	
  bit	
  of	
  an	
  
inappropriate	
  
simplifica.on,	
  	
  
for	
  EnKF	
  uses	
  
every	
  member	
  
to	
  es.mate	
  
background-­‐	
  
error	
  covariances)	
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random	
  
paWern	
  

random	
  
paWern	
  

random	
  
paWern	
  

We	
  might	
  do	
  something	
  
like	
  this:	
  



Scien.fically,	
  what	
  must	
  be	
  done	
  to	
  
produce	
  high-­‐quality	
  ensembles?	
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t=0	
  

t=t+Δt	
  

ensemble	
  
members	
  

reality	
  
Problem	
  2:	
  Dealing	
  with	
  
model	
  error	
  and	
  uncertainty	
  



Methods	
  for	
  dealing	
  with	
  model	
  
uncertainty	
  

•  Make	
  the	
  forecast	
  modeling	
  system	
  beWer	
  
–  higher	
  resolu.on,	
  explicit	
  rather	
  than	
  parameterized	
  
convec.on,	
  beWer	
  observa.ons,	
  beWer	
  assimila.on	
  
methods.	
  

•  Don’t	
  assume	
  your	
  model	
  is	
  perfect:	
  
– Use	
  mul.ple	
  forecast	
  models	
  or	
  mul.ple	
  
parameteriza.ons.	
  

– Add	
  stochas.c	
  terms	
  to	
  the	
  forecast	
  model.	
  
•  Post-­‐process	
  the	
  guidance.	
  	
  Compare	
  past	
  
forecasts	
  to	
  observa.ons/analyses,	
  use	
  this	
  to	
  
correct	
  probabili.es	
  in	
  the	
  current	
  forecast.	
  



Mul.-­‐model	
  vs.	
  	
  
sta.s.cal	
  post-­‐processing.	
  

•  Let’s	
  look	
  at	
  the	
  characteris.cs	
  of	
  probabilis.c	
  
precipita.on	
  forecasts	
  over	
  the	
  US	
  during	
  
2010.	
  

•  Mul.-­‐model:	
  20	
  members	
  each	
  from	
  NCEP,	
  
CMC,	
  UK	
  Met,	
  ECMWF.	
  

•  Compare	
  against	
  ECMWF	
  forecasts	
  that	
  have	
  
been	
  post-­‐processed	
  using	
  “logis.c	
  
regression”	
  and	
  2002-­‐2009	
  rainfall	
  analyses	
  
and	
  ECMWF	
  reforecasts.	
  



Post-­‐processing	
  /	
  reforecas.ng	
  concept	
  

Run	
  the	
  forecast	
  model	
  for	
  many	
  dates	
  in	
  the	
  past.	
  	
  Use	
  rela.onship	
  between	
  past	
  
forecasts	
  and	
  observa.ons	
  to	
  correct	
  today’s	
  forecast.	
  	
  In	
  subsequent	
  slides,	
  	
  
a	
  “logis.c	
  regression”	
  was	
  used	
  to	
  post-­‐process	
  the	
  probabili.es.	
  



Skill	
  scores	
  of	
  
various	
  	
  20-­‐member	
  

ensembles	
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5th	
  and	
  95th	
  percen.les	
  using	
  
block	
  bootstrap	
  algorithm	
  
following	
  Hamill,	
  W&F,	
  1999.	
  
	
  
ECMWF	
  generally	
  the	
  most	
  skillful,	
  
though	
  CMC	
  makes	
  similarly	
  skillful	
  
10-­‐mm	
  forecasts.	
  
	
  
NCEP	
  and	
  UK	
  Met	
  Office	
  trail.	
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Reliability	
  
diagrams,	
  
day	
  +3	
  
>	
  1.0	
  mm	
  
	
  
	
  

Inset	
  histogram	
  
tells	
  you	
  how	
  oqen	
  
each	
  probability	
  was	
  
issued.	
  	
  Black	
  bars	
  
for	
  distribu.on	
  of	
  
climatological	
  	
  
probabili.es	
  for	
  	
  
grid	
  points	
  within	
  
the	
  CONUS	
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Reliability	
  
diagrams,	
  
day	
  +3,	
  
>	
  10	
  mm	
  
	
  
	
  



Example:	
  
where	
  

mul.-­‐model	
  
won’t	
  help.	
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Posi.onal	
  biases	
  are	
  	
  
similar	
  in	
  all	
  the	
  models;	
  
each	
  is	
  too	
  far	
  north.	
  
	
  
(of	
  course,	
  you	
  don’t	
  
know	
  in	
  advance	
  that	
  
the	
  forecast	
  consistency	
  	
  
was	
  unrealis.c!)	
  



Example:	
  
where	
  

mul.-­‐model	
  
should	
  help.	
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Posi.onal	
  biases	
  are	
  	
  
different;	
  NCEP	
  south,	
  
ECMWF	
  north.	
  



Skill	
  scores	
  for	
  	
  
mul.-­‐model	
  and	
  

reforecast-­‐calibrated	
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Notes:	
  
	
  
(1)	
  Impressive	
  skills	
  of	
  mul.-­‐model.	
  
(2)	
  Reforecast	
  calibra.on	
  doesn’t	
  
improve	
  the	
  1-­‐mm	
  forecasts	
  much,	
  
improves	
  the	
  10-­‐mm	
  forecasts	
  a	
  lot.	
  
(3)	
  Calibra.on	
  of	
  mul.-­‐model	
  using	
  
prior	
  30	
  days	
  of	
  forecasts	
  doesn’t	
  
add	
  much	
  overall.	
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Reliability	
  
diagrams,	
  
day	
  +3	
  
>	
  1.0	
  mm	
  
	
  
	
  

For	
  the	
  1.0	
  mm	
  event,	
  ECMWF	
  forecasts	
  
are	
  rela.vely	
  reliable	
  already,	
  so	
  post-­‐processing	
  
isn’t	
  likely	
  to	
  help	
  as	
  much.	
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Reliability	
  
diagrams,	
  
day	
  +3,	
  
>	
  10	
  mm	
  
	
  
	
  

For	
  the	
  >	
  10.0	
  mm	
  event,	
  ECMWF	
  forecasts	
  
are	
  much	
  less	
  reliable,	
  so	
  post-­‐processing	
  
can	
  help	
  more	
  here.	
  
	
  
Were	
  a	
  reforecast	
  data	
  set	
  available	
  for	
  
NCEP,	
  it	
  would	
  help	
  more	
  than	
  for	
  ECMWF	
  
given	
  the	
  greater	
  unreliability	
  (and	
  now	
  	
  
we	
  have	
  provided	
  that…more	
  details	
  later)	
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Mul.-­‐model	
  slightly	
  under-­‐forecasts	
  probabili.es	
  at	
  1.0	
  mm	
  
and	
  is	
  quite	
  reliable.	
  It	
  is	
  also	
  substan.ally	
  sharper	
  than	
  
reforecast-­‐calibrated,	
  which	
  has	
  slightly	
  greater	
  under-­‐forecast	
  bias.	
  

last	
  30	
  days	
  of	
  forecasts	
  
used	
  to	
  calibrate	
  

8	
  years	
  of	
  once-­‐weekly	
  
reforecasts	
  used	
  to	
  
calibrate	
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Mul.-­‐model	
  slightly	
  over-­‐forecasts	
  probabili.es,	
  and	
  is	
  substan.ally	
  	
  
sharper.	
  Reforecast	
  calibrated	
  slightly	
  under-­‐forecasts	
  and	
  is	
  less	
  sharp.	
  



Forecast	
  example:	
  21	
  July	
  2010	
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desirable	
  reduc.on	
  of	
  probabili.es	
  outside	
  	
  
region	
  where	
  >	
  10	
  mm	
  occurred.	
  



Forecast	
  example:	
  11	
  August	
  2010	
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no	
  posi.on	
  shiqs	
  possible	
  with	
  this	
  	
  
logis.c	
  regression	
  post-­‐processing	
  technique	
  



New!	
  2012	
  GEFS	
  reforecast	
  data	
  set	
  

•  Developed	
  by	
  ESRL	
  (on	
  DOE	
  computers)	
  for	
  2012	
  
NCEP	
  GEFS.	
  

•  Every	
  day,	
  1985-­‐present,	
  we	
  have	
  11-­‐member	
  
ensemble	
  reforecasts	
  computed	
  to	
  day	
  +	
  16	
  using	
  
opera.onal	
  T254/T190	
  NCEP	
  GEFS	
  for	
  00Z	
  cycle.	
  

•  CPC,	
  EMC,	
  HPC,	
  MDL	
  using	
  this	
  data	
  for	
  product	
  
development.	
  More	
  to	
  follow.	
  	
  We	
  hope	
  to	
  
aWract	
  companies	
  and	
  universi.es,	
  forecast	
  
offices	
  to	
  explore	
  using	
  it	
  also.	
  



Reliability,	
  >	
  10	
  mm	
  precipita.on	
  24	
  h-­‐1	
  
Ve

rs
io
n	
  
2	
  
(2
01
2	
  
GE

FS
)	
  

Day	
  +0-­‐1	
   Day	
  +2-­‐3	
   Day	
  +4-­‐5	
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We	
  can	
  make	
  very	
  reliable	
  (and	
  skillful)	
  probabilis.c	
  precipita.on	
  forecasts	
  by	
  	
  
post-­‐processing	
  the	
  GEFS	
  using	
  the	
  reforecasts.	
  	
  	
  



Example:	
  improving	
  determinis.c	
  precipita.on	
  
forecasts	
  with	
  sta.s.cal	
  post-­‐processing.	
  



Case	
  studies	
  with	
  	
  
“atmospheric	
  rivers”	
  
in	
  the	
  western	
  US:	
  	
  

the	
  good,	
  	
  
the	
  bad	
  and	
  ugly	
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The	
  bad	
  and	
  ugly	
  atmospheric	
  rivers	
  case	
  study	
  

Ø 10”	
  rain	
  in	
  the	
  coastal	
  mountains,	
  4-­‐7”	
  in	
  Russian	
  River	
  	
  
watershed.	
  	
  Streamflows	
  in	
  top	
  0.2%	
  of	
  historical	
  observa.ons.	
  

Source:	
  hWp://www.esrl.noaa.gov/psd/atmrivers/events/	
   52	
  



4-­‐day	
  
forecast	
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4-­‐day	
  
forecast	
  

54	
  



Case	
  study,	
  tenta.ve	
  conclusions	
  

•  Sta.s.cal	
  post-­‐processing	
  will	
  not	
  be	
  able	
  to	
  
correct	
  for	
  everything.	
  	
  In	
  this	
  case,	
  the	
  
synop.c-­‐scale	
  predictability	
  was	
  apparently	
  
quite	
  low.	
  

•  Improvements	
  to	
  post-­‐processed	
  probabilis.c	
  
forecasts	
  in	
  such	
  a	
  case	
  will	
  require	
  improved	
  
ensemble	
  guidance.	
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The	
  “good”	
  atmospheric	
  rivers	
  case	
  study:	
  
Nov	
  2006	
  Oregon-­‐Washington	
  floods	
  

8-­‐20	
  inches	
  of	
  rain	
  in	
  Cascades;	
  flooded	
  rivers;	
  extensive	
  damage	
  to	
  Mt.	
  Rainier	
  NP.	
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4-­‐day	
  
forecast	
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4-­‐day	
  
forecast	
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A	
  few	
  words	
  about	
  regional	
  ensembles	
  
•  Benefits:	
  
–  you	
  can	
  probably	
  afford	
  much	
  higher	
  resolu.on	
  than	
  
you	
  can	
  with	
  global	
  ensemble,	
  so	
  less	
  model	
  error.	
  

	
  

•  Disadvantages:	
  boxed	
  in.	
  
–  use	
  of	
  regional	
  models	
  in	
  general	
  causes	
  some	
  
problems;	
  errors	
  can’t	
  propagate	
  up	
  to	
  planetary	
  
scales;	
  lateral	
  boundary	
  condi.ons	
  introduce	
  errors;	
  
may	
  be	
  inconsistencies	
  between	
  global	
  and	
  regional.	
  



Regional	
  ensembles	
  	
  
and	
  explicit	
  convec.on	
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30-­‐km	
  SREF	
  P	
  >	
  0.5”	
   4-­‐km	
  SSEF	
  P	
  >	
  0.5	
  “	
   Verifica.on	
  

An	
  example	
  from	
  NSSL-­‐SPC	
  Hazardous	
  Weather	
  Test	
  Bed,	
  forecast	
  ini.alized	
  20	
  May	
  2010	
  

With	
  warm-­‐season	
  QPF,	
  coarse	
  resolu.on	
  and	
  parameterized	
  convec.on	
  of	
  SREF	
  clearly	
  
inferior	
  to	
  the	
  4-­‐km,	
  resolved	
  convec.on	
  in	
  SSEF.	
  	
  	
  

hWp://.nyurl.com/2qbvgs	
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Example:	
  
interpola.on	
  
errors	
  in	
  	
  
Aladin	
  simula.on	
  
of	
  1999	
  Lothar	
  	
  
storm	
  

Forecast,	
  0900	
  UTC	
   Forecast,	
  1200	
  UTC	
  

Forecast,	
  1030	
  UTC	
  
(zoomed	
  in)	
  

Temporal	
  interpolaEon,	
  	
  
1030	
  UTC(zoomed	
  in)	
  

temporal	
  
interpola.on	
  
creates	
  two	
  
lows	
  from	
  one.	
  

Ref:	
  Tudor	
  &	
  Termonia,	
  
MWR,	
  July	
  2010	
  



Conclusions	
  (part	
  1)	
  

•  Producing	
  a	
  high-­‐quality	
  ensemble	
  for	
  you	
  
takes	
  more	
  than	
  slapping	
  a	
  few	
  forecasts	
  
together.	
  

•  We	
  need	
  to	
  (and	
  are)	
  designing	
  ensembles	
  
that	
  address	
  ini.al-­‐condi.on	
  uncertainty	
  and	
  
model	
  error.	
  


